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Objectives: Brain-computer interfaces that activate exoskeletons based on decoded movement-related 
activity have been shown to be useful for stroke rehabilitation. With the advances in the development of 
exoskeletons it is possible to replicate a number of different functional movements that are relevant to 
rehabilitate after stroke. In this study, the aim is to detect and classify six different movement tasks of the 
lower extremities that are used in the activities of daily living. 
Approach: Thirteen healthy subjects performed six movement tasks 1) Stand-to-sit, 2) Sit-to-stand, 3) 
Walking, 4) Step up, 5) Side step, and 6) Back step. Each movement task was performed 50 times while 
continuous EEG was recorded. The continuous EEG was divided into epochs containing the movement 
intention associated with the movements, and idle activity was obtained from recordings during rest. 
Temporal, spectral and template matching features were extracted from the EEG channels covering the 
motor cortex and classified using Random Forest in two ways: 1) movement intention vs. idle activity 
(estimate of movement intention detection), and 2) classification of movement types.    
Results: The classification accuracies associated with movement intention detection were in the range of 80-
90%, while 54±3% of all movement types were classified correctly. The stand-to-sit and sit-to-stand tasks 
were easiest to classify, while step up often was classified as walking.    
Significance: The results indicate that it is possible to detect and classify functional movements of the lower 
extremities from single-trial EEG. This may be implemented in a brain-computer interface that can control 
an exoskeleton and be used for neurorehabilitation.     
Keywords: Movement intention, Movement-related cortical potential, Brain-computer 
interface, neurorehabilitation.








































































Brain-computer interfaces (BCIs) have over the past years been proposed and tested as a means for induction 
of neuroplasticity and motor learning/recovery after neurologic injury such as stroke [1-3]. The 
neuroplasticity, and eventually motor learning [4], is induced by pairing activity in the motor cortex with 
congruent somatosensory feedback from the affected body part. The idea is similar to paired associative 
stimulation where the motor cortex is activated using transcranial magnetic stimulation, and electrical 
stimulation is delivered to a nerve concurrently (e.g. the deep branch of the common peroneal nerve) to elicit 
the somatosensory feedback [5]. However, the use of transcranial magnetic stimulation in stroke patients 
may be limited by safety precautions such as seizure induction [6], but the transcranial magnetic stimulation 
may be substituted by endogenous signals that activate the motor cortex. Two phenomena that are associated 
with activity in the motor cortex are the movement-related cortical potential (MRCP) and event-related 
desynchronization/synchronization [7, 8]. The MRCP is a low-frequency potential that starts up to two 
seconds before self-paced (bereitschaftspotential) [9] and cue-based (contingent negative variation) [10] 
movements. The major neural generators of the MRCP are the supplementary motor area, premotor cortex 
and primary motor cortex [7]. The event-related desynchronization/synchronization have similar neural 
generators, but the activation pattern is hypothesized to be different from the MRCP [7]. Moreover, the 
event-related desynchronization/synchronization are sensorimotor rhythms observed in the mu and beta 
frequency range of the EEG [8]. The MRCP and event-related desynchronization are elicited when 
movements are executed as well as imagined [11, 12]. The MRCP can be further divided into a number of 
segments [7], but overall it can be divided into 1) readiness potential (RP); this is also called early 
bereitschaftspotential or contingent negative variation 1, 2) negative slope (NS); this is also called late 
bereitschaftspotential or contingent negative variation 2, 3) motor potential (MP), and movement-monitoring 
potential; this is also called reafferent potential. The RP and NS are related to the planning of the movement, 
while the MP is where the signal is sent from the primary motor cortex to the peripheral nervous system and 
muscles. The movement-monitoring potential is related to the inflow of afferent feedback. Moreover, it has 
been shown that the MRCP is modulated by various movement-related parameters such as speed and force of 
the movement [11]. By detecting the MRCP based on the RP, NS and MP from single-trial EEG, it is 
possible to predict when movements occur which makes the MRCP useful for BCIs for inducing 
neuroplasticity where the time difference between movement intention and afferent feedback should mimic 
the normal motor control loop [13, 14]. It has been speculated that electrical stimulation, exoskeleton or 
rehabilitation robot should be initiated within 300 ms after the MP [15, 16]. Several studies have been 
published where it was investigated how to detect movement intentions using different pre-processing, 
feature extraction and classification techniques (e.g. [12, 17-23]) which roughly lead to classification 
accuracies in the range of 60-90%. Many studies have reported successful detection/classification of 
movement intentions in healthy subjects, but it has also been shown feasible to classify movement intentions 







































































from patients with motor impairments after stroke [1, 21, 24-28], spinal cord injury [29-32], cerebral palsy 
[33, 34], amyotrophic lateral sclerosis [35] and tremor [36]. Besides movement intention detection, different 
movement-related parameters have been extracted such as kinetic and kinematic parameters [21, 25, 37-39], 
movement direction [40], and various movement types [41, 42]. Many of these studies have focused on 
isolated movements such as dorsiflexions of the ankle joint, finger movements, hand grasps, wrist and elbow 
flexion/extension. There are also examples of functional movements that have been decoded involving 
several joints e.g. for the lower extremities sitting and standing up [43], gait initiation [44], and walking have 
been decoded [45-47]. For the upper extremities, various movement types have been decoded; these include 
reaching and other tasks that are performed as activities of daily living (e.g. drinking from a glass and lifting 
a pot with handles) [48-51].
Rehabilitating isolated movements are highly relevant, but generally, it may be more useful for patients to 
relearn to perform functional movements, which constitute the majority of the activities of daily living. With 
the advances in exoskeletons and functional electrical stimulation, it is possible to replicate several 
functional movements. In this way, it is possible to replicate a number of functional movements and perform 
them in congruence with the movement intentions if they can be decoded. By decoding several movement 
types, it is possible to induce task variability in the training, which has been shown to maximize the retention 
of the trained movement patterns in stroke rehabilitation [52]. Thus in this study, various functional lower 
limb movements are performed that are used in the activities of daily living. Initially, it will be investigated 
how these movement types are manifested in the MRCP, and then it will be tested if the movement types can 
be classified from single-trial EEG recordings.
2. Methods
2.1. Subjects
Thirteen healthy subjects (5 women and 8 men with a mean age of 24 years) participated. The local ethical 
committee of Region North Jutland (N-20130081) approved the procedures, and all subjects provide their 
written informed consent prior to participation.
2.2. Experimental Setup
The subjects had to perform six different movement tasks, which were repeated 50 times each. The tasks 
were: 1) Stand-to-sit; the subject was standing in front of a chair (height of seat: 45 cm) and had to sit on 
that, 2) Sit-to-stand; the subject was sitting on the chair and had to stand up, 3) Walking; the subject had to 
walk three strides (starting with the right leg), 4) Step up; the subject had to step up to a plateau (height: 16 
cm) starting with the right foot, 5) Side step; the subject took one step to the right side, and 6) Back step; the 
subject took one step back starting with the right foot. The movements were performed in five runs with 
breaks in between with subject-dependent durations. Each run consisted of six blocks where each block was 
10 movements of the same movement type, i.e. after each run 10 movement trials were performed of each 







































































movement type. After each run, a resting recording of two minutes was performed (i.e. five recordings in 
total) while the subjects were standing relaxed and focused on a point on the wall four meters away. All 
movements were visually cued; a custom-made program (Knud Larsen, Aalborg University) guided the 
subject on a monitor four meters away. A clock was counting down for three seconds, and the subject had to 
initiate the movement task at this point. The movement trials were separated by 15 seconds. The subjects 
were instructed not to blink or do any facial movements during the 3-second countdown and while the 
movement task was performed. The experiment was performed in an electrically shielded room, and it lasted 
approximately three hours. Continuous EEG was recorded during the experiment. Before the recording 
started, the subjects were instructed in how to perform the movements and they were familiarized with the 
setup.   
2.3. EEG Recording
Continuous EEG was recorded using a 64-channel EEG cap (g.GAMMAcap, G.Tec, Austria) with active 
electrodes (g.SCARABEO, G.Tec, Austria) and sampled with 1200 Hz (g.HIAMP, G.Tec, Austria). The 
impedance of the electrodes was kept below 30 kΩ. The signals were recorded using the g.RECORDER 
software (g.Tec, Austria). The EEG was referenced to the right earlobe. The following channels were used 
for the analysis: F3, F1, Fz, F2, F4, FC3, FC1, FCz, FC2, FC4, C3, C1, Cz, C2, C4, CP3, CP1, CPz, CP2, 
CP4, P3, P1, Pz, P2, and P4 (see Figure 1). At the beginning of each trial, a trigger was sent from the visual 
cueing program (Knud Larsen, Aalborg University) to the amplifier; this was used to divide the data into 
epochs.   
2.4. Pre-processing
All analyses were performed in MATLAB (MathWorks®). Initially, the continuous EEG was bandpass 
filtered from 0.1-10 Hz using a 4th order zero-phase shift Butterworth filter for the morphological analysis 
and from 0.1-30 Hz for the movement detection and classification. The filtered EEG signal was divided into 
epochs from two seconds prior to the movement onset (at time zero indicated by the visual cue) until 0.5 
second after. For the movement detection and classification, 50 2-second epochs were extracted from the 
resting EEG (idle). For each channel, epochs were rejected if they exceeded ±150 µV. The channel was 
rejected from further analysis if less than 20 epochs were preserved after the rejection. 
2.5. Data Analysis – Morphology 
The pre-processed epochs were averaged, and the following parameters were extracted as an indicator of the 
MRCP morphology: 1) RP, 2) NS, and 3) MP. RP was calculated as the mean amplitude in the interval -2 to 
-0.5 seconds with respect to the movement onset. NS was calculated as the mean amplitude in the interval -
0.5 to -0.1 seconds with respect to the movement onset. MP was calculated as the mean amplitude in the 
interval -0.1 to 0.1 seconds with respect to the movement onset [53]. See Figure 1. The RP, NS and MP were 







































































extracted from all channels. Topographical maps of each movement task were constructed based on the 
average across subjects for the three MRCP segments. 
Figure 1: The Readiness Potential (RP), Negative Slope (NS), and Motor Potential (MP) are indicated on the grand average across 
subjects (n=13) performing the back step movement task. These segments were extracted from each of the channels.
2.6. Data Analysis – Movement Detection and Classification 
There were two types of classification scenarios: 1) Movement task vs. Idle, and 2) Movement task vs. 
Movement task.  
2.6.1.Feature Extraction
For the Movement task vs. Idle classification, three feature types were extracted: 1) Template matching, 2) 
Time-domain, and 3) Frequency-domain. For the Movement task vs. Movement task classification, only 
time-domain and frequency-domain features were extracted. The features were extracted from all channels. 
For the template matching feature, an average of the epochs for the specific channel was used, and the cross-
correlation was calculated with each epoch. The feature was the cross-correlation with zero time lag. The 
time-domain features were the mean amplitude of 0.5-second non-overlapping windows i.e. four features 
were extracted from each channel. The frequency-domain features were power spectral density estimated for 
the entire epoch in 1 Hz bins from 6-30 Hz. A 1-second Hamming window with 0.5-second overlap was 
used.
2.6.2.Classification
The features were classified using Random Forest with 512 trees. A leave-one-out cross-validation scheme 
was used where the classifier was trained on all samples but one, and tested on the remaining sample. A 2-
class classification problem was tested for each movement task and the idle activity; this was used as an 
estimate of the movement intention detection with respect to the idle activity. For the movement task vs. 








































































movement task classification a 6-class problem was tested and a confusion matrix was obtained; this was 
used as an estimate of movement task discrimination. The classification was based on single-trials and 
performed on each subject separately.
2.7. Statistics 
A 1-way repeated measures analysis of variance (ANOVA) test was performed with ‘Movement task’ as 
factor (6 levels: Stand-to-sit, sit-to-stand, walking, step up, back step, and side step) on the classification 
accuracies associated with movement detection. Moreover, three 1-way repeated measures ANOVA tests 
were performed with ‘Movement task’ as factor on the amplitudes of RP, NS and MP. The Greenhouse-
Geisser correction was applied if the assumption of sphericity was violated. Significant test statistics were 
followed up using a posthoc test using Bonferroni correction. The significance level was set to P=0.05. The 
effect size is also reported (η2). The statistical analyses were performed in SPSS (IBM).
3. Results
5±7 epochs were rejected from further analysis. The results are summarized in Table 1, 2, and 3, and in 
Figure 2 and 3. 
3.1. Morphology
The grand averages of each movement task are plotted in Figure 2 across subjects. A clear MRCP shape is 
seen for all of the movement tasks except the walking task that is less prominent. Most of the movement 
tasks are overlapping while the averaged idle activity is close to 0 µV in amplitude. 







































































Figure 2: Grand average of the movement tasks and the idle activity across subjects (n=13). The average is shown in the middle of 
each trace and the shaded areas indicate the standard error.
The RP, NS and MP were extracted from each channel and plotted in a 5x5 grid using MATLABs ‘contourf’ 
function. The average across subjects is plotted in Figure 3. There was a clear trend that there was an 
increase in negativity when moving from the RP to the NS and eventually MP. Regarding the channel 
location, there was no clear trend of the activation pattern, although the highest amplitudes for the MP are 
located around the z-line of the electrodes in the FC and C line of the electrodes. As suggested in Figure 2, 
the amplitudes were lower for the walking and step up compared to the other movement tasks. 








































































Figure 3: Topographical plot of the mean amplitude of the Readiness Potential (RP), Negative Slope (NS), and Motor Potential (MP) 
for the different movement tasks. The scaling on the axes is the same for the individual movement task for RP, NS and MP, but it 
differs across the movement tasks. The values are the averages across subjects (n=13) for the specific channels specified in Figure 1.
The representation of the lower extremities in the primary motor cortex is located at Cz; therefore, the RP, 
NS, and MP are extracted to show the variability across subjects (Table 1). Again, the walking and step up 
have lower amplitudes compared to the other tasks, which is consistent across subjects. The statistical 
analysis revealed a significant effect of movement task for RP (F(2.2,26.3)=19.95; P<0.01; η2= 0.62), NS 







































































(F(2.1,24.7)=24.47; P<0.01; η2= 0.67), and MP (F(2.4,28.3)=27.28; P<0.01; η2= 0.70). The posthoc test revealed 
that the stand-to-sit task had a higher RP amplitude compared to the other movement tasks. The stand-to-sit 
task had a higher NS and MP amplitude compared to the other movements, and the NS and MP of walking 
were lower than the other movement tasks except the sit-to-stand movement task. The step up had a lower 
NS and MP than the back step movement task. Lastly, the side step has a higher MP compared to the step up 
movement task.  
Amplitude (µV) – Cz
RP NS MP
Stand-to-sit -3.2 ± 1.0 -13.9 ± 2.3 -19.3 ± 2.7
Sit-to-stand -0.2 ± 1.3 -4.5 ± 2.3 -6.8 ± 2.6
Walking 2.1 ± 0.6 1.1 ± 1.2 -0.1 ± 1.5
Back step 1.7 ± 0.9 -5.9 ± 1.4 -10.5 ± 1.7
Side step 2.7 ± 0.8 -3.1 ± 1.7 -8.0 ± 2.0
Step up 2.5 ± 0.6 -0.9 ± 1.1 -3.2 ± 1.4
Mean ± standard error Mean ± standard error Mean ± standard error
Table 1: Overview of the MRCP segments: Readiness Potential (RP), Negative Slope (NS), and Motor Potential (MP) associated 
with the different movement tasks. All values are presented as mean ± standard error across subjects. 
3.2. Movement Detection and Discrimination
The results of the classification accuracies associated with the movement detection estimate are presented in 
Table 2 as well as the overall classification accuracy of the movement task discrimination. Further 
exploration of the movement discrimination is outlined in the confusion matrix in Table 3. The classification 
accuracies of the movement detection were high, between 80-90%. There was a significant effect or 
movement task (F(5,60)=6.13; P<0.01; η2= 0.34), where the classification accuracy of the step up task was 
significantly lower compared to the stand-to-sit, sit-to-stand, and side step tasks. 
Classification Accuracy (%) – Movement Intention vs. Idle Activity
Back step vs. Idle activity 85 ± 2
Side step vs. Idle activity 86 ± 2
Sit-to-stand vs. Idle activity 88 ± 2
Stand-to-sit vs. Idle activity 90 ± 2
Step up vs. Idle activity 80 ± 3
Walking vs. Idle activity 83 ± 2
Mean ± standard error
Classification Accuracy (%) – Movement Task vs. Movement Task
6-class (all movement types) 54 ± 3
Mean ± standard error
Table 2: Results of the classification between movement intentions and idle activity, and classification between the six different 
movement types. The results are presented as mean ± standard error across subjects.
The results of the movement discrimination analysis (Table 3) show that the stand-to-sit tasks was easiest to 
discriminate followed by the sit-to-stand task. Generally, the discrimination between movement tasks is high 






































































(36-71%), and the values on the diagonal are well-above the theoretical chance level of a 6-class problem 
(17%). The two least separable movement tasks were the step up and walking tasks.
Predicted Class
Stand-to-sit Sit-to-stand Walking Back step Side step Step up
Stand-to-sit 71 ± 6 10 ± 2 4 ± 2 8 ± 2 5 ± 2 2 ± 1
Sit-to-stand 9 ± 2 67 ± 5 6 ± 1 6 ± 2 4 ± 1 7 ± 1
Walking 2 ± 1 6 ± 2 58 ± 4 5 ± 2 9 ± 2 20 ± 2
Back step 15 ± 2 7 ± 2 10 ± 3 42 ± 6 17 ± 3 9 ± 2





Step up 3 ± 1 9 ± 2 30 ± 3 7 ± 2 15 ± 2 36 ± 5
Table 3: Confusion matrix of the discrimination between the six different movement types. The values are presented as percent, and 
they are the mean ± standard error across subjects.
4. Discussion
From the EEG recordings, it was shown that MRCPs could be elicited from the functional lower limb 
movements. The movements could be classified with respect to the idle activity with accuracies in the range 
of 80-90%. For the movement type discrimination, 54% of the movements were correctly classified with the 
stand-to-sit and sit-to-stand movements being the most discriminable movement types. The results indicate 
that it is possible to detect and classify movement intentions associated with functional movements, which 
may be used in the development of a BCI that introduces task variability in neurorehabilitation. 
4.1. MRCP Morphology
MRCPs have been shown to be elicited many times when both single-joint movements and movements 
across multiple joints are performed. Thus, it was expected to see MRCPs associated with the functional 
lower limb movements. The amplitudes were in the range of what has been reported previously ~5-30 µV, 
but there is no indication that movements involving multiple joints lead to higher or lower amplitudes of the 
MRCP compared to isolated movements; however, a direct comparison was not made in this study. A 
comparison of the MRCPs associated with these movements have not been performed, but in another study 
the MRCP associated with gait initiation has been elicited [44], which is similar to walking in the present 
study. Jiang et al. reported higher MRCP amplitudes (5-25 µV) than the walking task in the current study. 
Likely reasons for this difference include inter-subject variability and methodological differences in terms of 
EEG amplifier and signal processing techniques.
The activation pattern of the MRCP has been suggested to start frontally, and then move caudally towards 
the motor cortex [7], but this is not clearly reflected in the results. This may be due to the type of analysis 
where averages are calculated across subjects in wide time windows, which may eliminate potential 
differences or the fact that only a blurred picture of the underlying brain activity is obtained due to volume 
conduction.    








































































4.2. Detection and Classification
The estimate of movement intention detection was similar (80-90%) to what has been reported in a number 
of other studies e.g. [23, 44, 54, 55], and the classification between movement types was also significantly 
higher than chance level (32% - calculated with a significance level of 5% [56]) for most tasks. The step up 
task was only slightly above chance level although still significant (36%). Many of those movements (30%) 
were classified as walking which is due to a similar morphology of the MRCP. This could be because the 
initiation of both movement types are similar (flexion in the hip joint).
The movement intention detection and classification of different movement types were performed separately, 
so the combined performance (detection + classification) is not obtained. If the two events are considered 
independent, the classification accuracy for the detection can be multiplied with the classification accuracy 
for the classification of the different movement tasks [55]. This would lead to a combined accuracy of ~46% 
(85%*54% - based on the average detection and movement type classification in Table 2). It is not known if 
this accuracy is enough to induce neuroplasticity, this is an open question yet to answer. The combined 
accuracy of 46% is probably higher since the two events are likely to be correlated. The combined accuracy 
would also increase if a subset of different movement tasks were selected since some movement tasks were 
easier to classify than others. Another alternative could be to only perform movement intention detection, 
and then decide what movement type to perform. In the latter scenario, it would be the therapists/patient who 
would need to introduce the task variability by switching between the tasks when the BCI only would detect 
if there was a movement or not, and not perform any classification between movement types. 
The movement intention detection was estimated using classification between movement intentions and idle 
activity. The epochs were extracted with a priori knowledge of when the movements occurred, thus in a real-
time BCI decoder, this information will not be available, and therefore it could be that fewer movements 
would be detected correctly. The detection algorithm can be modified to become less conservative, but that 
will increase the likelihood of false-positive detections. A potential way to control this is to construct a cue-
based BCI system where the detector is only active in certain time windows. 
5. Conclusion
Functional movements of the lower extremities elicit MRCPs that are visible in the EEG. The stand-to-sit 
task elicited the MRCP with the highest amplitude while walking elicited the MRCP with the lowest 
amplitude. It was shown that the movements could be detected from the idle activity and the individual 
movement tasks could be classified. These results suggest that it is possible to develop a BCI that can decode 
functional movements and be combined with exoskeletons for neurorehabilitation. However, this needs to be 
validated in future studies. 
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